• Background and Aims Studies on codon usage in monocots have focused on grasses, and observed patterns of this taxon were generalized to all monocot species. Here, non-grass monocot species were analysed to investigate the differences between grass and non-grass monocots.
INTRODUCTION
Codon usage bias (also known as codon bias) is the selective use of nucleotide triplets (codons) to encode specific amino acid sequences in the protein coding genes of a species. Every amino acid in a sequence can be encoded by one (in the case of methionine and tryptophan) to six different codons. The frequencies with which synonymous codons are used to encode an amino acid vary between organisms and sometimes even within the same organism (Hershberg and Petrov, 2008; Liu and Xue, 2005) .
Three major hypotheses have been proposed to describe the codon usage bias in living systems: mutational bias (MB hypothesis), selection on codon usage (SCU) and GC-biased gene conversion (gBGC). To explain the codon usages that are produced by point mutations, contextual biases in the point mutation rates or biases in DNA repair, the MB hypothesis proposes that differences in mutation rates across species result in non-random variation of synonymous codon usage and an increase in GC content (Plotkin and Kudla, 2011) . However, under the MB hypothesis, the increase in GC content in recombination hotspots via fixation of GC alleles at polymorphic sites cannot be explained as all classes of mutations have an equal probability of fixation (reviewed by Duret and Galtier, 2009) . To explain the increase in probability of fixation of GC alleles, SCU was proposed as an alternative. The SCU hypothesis suggests natural selection as a contributor to the increase of GC content to improve translational efficiency (Akashi, 2003) , arguing that synonymous mutations influence the fitness of an organism and can therefore be promoted or repressed through evolution. However, the presence of GC heterogeneity observed in pseudogenes and non-coding regions cannot be explained by SCU (Gossmann et al., 2010) . Furthermore, significant fitness advantages between individuals differing in only a single base pair are unlikely to be common. This, however, is required for selection to act (Mugal et al., 2015) .
After several years of debate around the MB and SCU hypotheses, a third hypothesis, gBGC, was put forward to explain codon usage and GC heterogeneity. The gBGC hypothesis suggests GC-biased gene conversion to shape codon usage bias in a manner dependent upon the local recombination rate, which favours fixation of G and C alleles over A and T at polymorphic sites. As a consequence of this association between GC and recombination, local GC content increases rapidly in genomic hotspots of recombination (Spencer, 2006) while genome-wide GC content increases rapidly in species with higher recombination rates (Figuet et al., 2014; Weber et al., 2014) . Codon usage bias was recorded to be highest in areas of intermediate levels of recombination for GC-ending optimal codons (Harrison and Charlesworth, 2010) . Even though the gBGC process is distinct from natural selection, it affects the probability of fixation of alleles in patterns similar to selection (reviewed by Duret and Galtier, 2009; Ratnakumar et al., 2010) and interferes with selection by promoting the fixation of deleterious alleles (Galtier et al., 2009; Necşulea et al., 2011) . Hence, gBGC is considered a neutral process as it does not rely on the fitness effect of alleles of the individuals. For the last 10 years a plethora of evidence has been accumulated for gBGC as a major evolutionary force affecting codon usage and base composition in humans (reviewed by Galtier, 2009, Glémin et al., 2015) , yeast (Lesecque et al., 2013) and plants (Muyle et al., 2011; Pessia et al., 2012; Wu et al., 2015; Rodgers-Melnick et al., 2016; Clément et al., 2017) .
Apart from codon usage, codon context bias is also important for understanding the preferences in the sequence of a pair of codons within an organism. Codon-pair context bias is linked more to decoding accuracy than to translational speed (Moura et al., 2005) . As different species have varied abundance of tRNA isoacceptors for each codon family, codon-pair context sequences impact the translational accuracy of genes (Moura et al., 2007) .
Plant species are reported to show a wide diversity in terms of their gene expression, physiology and stress response in varied environmental conditions (De La Torre et al., 2015) . Hence, knowledge of the codon usage and codon-pair context patterns of plants and underlying evolutionary forces will be useful to understand the molecular mechanism of environmental adaptation and biological diversity of each species.
A number of comparative analyses have examined the codon usage of genes within and between the two major groups of flowering plants, dicots and monocots (Kawabe and Miyashita, 2003; Mukhopadhyay et al., 2008; Liu, 2012; Liu et al., 2015) . Still, comparatively little is known about codon usage and codon-pair context in monocot plant species, which can be subclassified into grass monocots (Poaceae) and non-grass monocots (e.g. Orchidaceae, Musaceae, Arecaceae, Zingiberaceae and Liliaceae), as shown in Fig. 1 . Furthermore, most studies on monocots focus on grass monocots and cannot explain the extent and pattern of codon usage or the forces that may be affecting codon usage in monocots in general.
This review outlines the methods available for the quantification of codon usage and presents the current state of knowledge of codon usage in monocots. Furthermore, we extend this information on codon usage, optimal and rare codons, GC content, GC 3 (GC content in third codon position) distribution, codonpair context patterns and shaping factors in non-grass monocot genomes by analysing four completely sequenced genomes with publicly available comparable transcriptome datasets of two major banana species, Musa acuminata and Musa balbisiana, the date palm, Phoenix dactylifera, and the small aquatic plant, duckweed, Spirodela polyrhiza. The analysis suggests that gBGC affects the nucleotide composition and codon usage in non-grass monocots. This information on optimal and rare codons, factors affecting codon usage and codon-pair context bias will facilitate further research in molecular phylogenetics and genomics, as well as in the development of varieties tolerant of various biotic and abiotic stresses among the non-grass monocots.
Tools and indices for assessing codon usage
Investigation of codon usage in an organism requires quantification of codon usage patterns within the genes and genomes of the species under study. Codon usage values can be determined based on one or more indices (described in the following sections and summarized in Table 1 ) for different genes within and across the species. Methods that use codon usage indices summarize data into useful limited variables, facilitating comparisons of codon usage among species (Shields et al., 1988) . Indices are categorized into two groups: one group of codon usage indices measures the codon usage bias based on the total discrepancy between the expected codon usage (assuming no bias) and the actual codon usage, while a second group quantifies bias based on closeness to preferred codons by comparing the codon usage of a test gene to a reference set of genes. The principles for calculation and scoring are summarized in Table 1 . The theories and mathematical formulas for the calculation of these indices are described in detail by Behura and Severson (2013). These 
where o ij is the number of occurrences of the jth codon for the ith amino acid, ei is the expected usage of the jth codon under conditions of equal synonymous codon usage, and f i is the degeneracy of the codons for ith amino acid The probability (P) of codon occurrence for a particular amino acid is estimated from the chi-square distribution (upper tail) based on calculated χ 2 value. If the value of P is less than 0.05, then the codon cannot occur for that particular amino acid and hence the null hypothesis cannot be accepted Shields et al. (1988) Frequency of optimal codons (F op )
Calculated as the ratio of the frequency of optimal codons in a gene to the total number of synonymous codons based on a specific reference gene set and 1: a value of 0 indicates random codon usage, whereas a value of 1 suggests extreme codon bias Bennetzen and Hall (1982) indices, either alone or in combination, have been adopted in several online tools that are commonly used to measure codon usage ( Table 2 ). The P2 index was one of the earliest indices developed using the principle of distance between expected and actual codon use. It predicts the proportion of preferred codons based on codon-anticodon binding strength between an mRNA and the tRNAs. The P2 index has largely been replaced by other indices in most recent publications, with use of RSCU (relative synonymous codon usage), ENC (effective number of codons) and CAI (codon adaptation index) indices being widely reported. The RSCU measures codon bias based on non-random usage of codons for a specific amino acid in a coding sequence. As the RSCU value is independent of amino acid composition, this is very useful for the comparison of genes that differ in their length and amino acid composition, and hence this index is frequently used (Mukhopadhyay et al., 2008; Sablok et al., 2011; He et al., 2016; Ning et al., 2016) . ENC values are based on a principle similar to that underlying RCSU; they are also relatively independent of amino acid composition.
Comparison of ENC values with GC content yields information regarding patterns in codon usage across the genome. Recent studies have used ENC to determine codon usage bias in Ginkgo biloba (He et al., 2016) and Haberlea rhodopensis (Ivanova et al., 2017) . Fop (frequency of optimal codons), CAI and CBI (codon bias index) measure codon usage bias according to the codon usage of a reference set of genes, which may be composed of a gene class, such as ribosomal genes, highly expressed genes or a single gene (Table 1) . As Fop, CAI and CBI indices use specific reference gene sets, they provide a measure of bias towards particular codons that appear to be translationally optimal in that species (Behura and Severson, 2013) . Among these indices, use of CAI is most widely reported, for example in codon usage analysis of Oenothera (Nair et al., 2014) and G. biloba (He et al., 2016) , while Fop has been applied in studies for Picea (De La Torre et al., 2015) and Medicago truncatula (Song et al., 2015) . As CAI values are determined from reference sets of highly expressed genes, which may be different among species, the relative fitness values of the species will also be different. Hence, the CAI values for all genes for a particular species can be compared within the species, but cannot be compared to those for other species. There are no recent reports of codon analysis in plants using chi-squared, CBI and P2. Early methods for visualizing codon usage data involved tabulating codon usage values from a pool of different sets of genes (Greenacre, 1984) . Such analyses relied heavily on the grouping of genes, and these groups were formulated based on pairwise comparisons. However, analyses that can be performed using simple tabulation are limited and, with the emergence of increasingly large (Gouy and Gautier, 1982) , either alone or in combination, have been adopted for visualizing codon usage pattern in several online tools (Table 2) . Cluster analysis is the statistical visualization method that has been most widely used to analyse codon usage in plant genomes. In this method, the frequencies of codon occurrences are calculated using codon usage indices such as RSCU and CAI. Euclidean measurements of distance between the genes and the codon frequencies are estimated and the values plotted to visually indicate the association of genes to a particular codon and their similarities with other genes (Perrière and Thioulouse, 2002) . Examples of cluster analysis applied to plant species include studies of the codon usage of protein coding sequences in G. biloba (He et al., 2016) , herbaceous peony (Paeonia lactiflora) (Wu et al., 2015) , citrus species (Xu et al., 2013) , the chloroplast genome of Oenothera (Nair et al., 2014) and the mitochondrial genomes of wheat (Triticum aestivum), maize (Zea mays), Arabidopsis thaliana, tobacco (Nicotiana tabacum), Physcomitrella patens and Marchantia polymorpha (Zhou and Li, 2009 ). Cluster analyses have also been used to classify and categorize codon usage in various plant genomes Priya et al., 2016) , but in a few cases, the method did not accurately reflect the phylogenetic relationships among plants (Nair et al., 2014; You et al., 2015) . With the advent of genome-scale sequencing projects and greater computational power, improved tools are being developed to cope with the size and complexity of the data. While several sets of data are available for plant species, the lack of high-quality transcriptome data that are comparable in depth and biological context limits the value and integrity of analyses; as with any bioinformatic approach, it is critical to identify high-quality and comparable datasets for meaningful outcomes.
Codon usage patterns in monocots
Among monocots, several major food crops are members of the Poaceae (grass monocots) and have consequently been well studied, including complete genome sequencing, so it is not surprising that most of the codon usage studies in monocots have focused on this family. Campbell and Gowri (1990) were the first to illustrate the differential usage of codons in monocot species and found that the third codon nucleotide position shows bias toward A/U in dicot species and toward G/C in monocot species, concurrent with the higher GC content of monocot genomes. A bias for G/C-ending codons has also been reported for wheat, barley, maize (Kawabe and Miyashita, 2003) and rice (Wang and Hickey, 2007; Mukhopadhyay et al., 2008) . The higher numbers of G/C-ending codons were proposed as supporting evidence of relatively strong mutational bias in monocot species (Kawabe and Miyashita, 2003; Wang and Hickey, 2007; Mukhopadhyay et al., 2008) .
Among all plants, monocots have been reported to be the most heterogenous in terms of their GC content, which contrasts with the homogeneous GC content of the genomes of dicot species (Carels and Bernardi, 2000; Wang and Hickey, 2007; Serres-Giardi et al., 2012; Tatarinova et al., 2013) . This GC heterogeneity is similar to that found in the genomes of warm-blooded vertebrates, which contain patches of GC-rich and AT-rich regions known as isochores (Duret and Galtier, 2009 ). These isochore structures have been reported to affect both coding and non-coding sequences of genomes, while particularly GC-rich regions have been observed to contain more genes with shorter introns (Eyre-Waker and Hurst, 2001). As GC 3 is relatively independent of the protein coding potential, it is considered a marker for GC richness in a genome (Tatarinova et al., 2013) . Analysis of GC 3 distribution showed a tendency for genes to fall into two classes (bimodality) in grass monocots, unlike the single class of genes (unimodal distributions) in dicot genomes (Campbell and Gowri, 1990; Tatarinova et al., 2013; Clément et al., 2015) . Genes in the grass monocots (rice) could be classified into the two groups based on GC 3 values below or above 80 %. In the rice genome, genes with GC 3 of 80 % or more showed a tendency to be mono-exonic or intron-poor and have stronger or more variable expression levels (Tatarinova et al., 2013) . Based on a study of GC 3 in seven grass species together with banana and oil palm, Clément et al. (2015) suggested that a bimodal distribution may be an ancestral feature of monocots that is preserved to different extents in different lineages.
To explain this notable GC heterogeneity in monocots, initially MB (Wang and Roossinck, 2006; Wang and Hickey, 2007 ) was proposed as a major underlying evolutionary force shaping codon use, based on the comparative analysis of Arabidopsis and rice genomes. However, mutation can hardly explain recombination-associated segregation distortion that favours GC over AT alleles and consequently high GC content in high-recombination regions, which was revealed by analyses of several varieties of rice (Oryza rufipogon, O. sativa subsp. japonica and O. sativa subsp. indica, O. barthii and O. meridionali) polymorphism datasets (Muyle et al., 2011) . Alternatively, SCU was suggested as a determinant of codon usage and heterogeneous GC content in rice (Guo et al., 2007; Mukhopadhyay et al., 2008 ). An explanation has been put forward that GC heterogeneity could be related to the regulation of gene expression, because the local GC content is associated with the distribution of genes and chromosomal architecture (reviewed by Mugal et al., 2015) . However, SCU cannot explain GC heterogeneity in non-coding regions found in rice (Muyle et al., 2011) . With more genome sequences being available for monocot species, gBGC appears to be the more suitable hypothesis to explain the evolutionary forces determining overall GC heterogeneity and codon usage in monocots (Muyle et al., 2011; Serres-Giardi et al., 2012; Camiolo et al., 2015; Clément et al., 2017) .
In addition to studies of codon usage in the nuclear genome, a few studies report codon usages in monocot chloroplast genomes. Codon usage bias in the chloroplast genomes of the grass monocots Brachypodium distachyon, Triticum aestivum and Hordeum vulgare showed optimal codons to mainly have A/T in the third codon position, unlike their respective codons in nuclear genomes (Sablok et al., 2011; Zhang et al., 2012) . The major underlying force was proposed to be MB with the additional influence of natural selection, hydrophobicity, aromaticity and gene length.
Very little information is available on codon usage of nongrass monocots, and most of the reports relate to chloroplast genomes, rather than nuclear-encoded gene sequences, which mainly focused on preferred codon in third codon position and preferred amino acid using small datasets (Table 3) . These studies cannot capture the full range of variability in this group and thus may affect the reliability of the findings for making general conclusions. So far in non-grass monocot species, a detailed study analysed codon usage and quantified the magnitude of evolutionary forces including oil palm (Elaeis guineensis) and banana (Musa acuminata) (Clément et al., 2017) . The analysis showed that nucleotide composition of the non-grass monocots is far from mutation-drift equilibrium and that gBGC is a more widespread and stronger process than selection (Clément et al., 2017) .
Motivated by the lack of comprehensive codon usage information among non-grass monocot genomes and aided by the growth of transcriptome data in publicly available databases, we investigated the patterns of codon usage within members of the non-grass monocots by analysing coding sequences (CDS) of the two major banana species, Musa acuminata (A genome) (Martin et al., 2016) and Musa balbisiana (B genome) (Davey et al., 2013) , the date palm, Phoenix dactylifera (Al-Dous et al., 2011) , and the small aquatic plant, duckweed, Spirodela polyrhiza (Wang et al., 2014) (Fig. 1) . In addition, we used leaf transcript data for the moss bamboo, Phyllostachys heterocycla var. pubescens, as the representative grass monocot outgroup (Peng et al., 2013) .
MATERIALS AND METHODS

Sequence data
To compare codon usage metrics between equivalent CDS data for each species, we selected transcriptome datasets with similar sequencing depth and from equivalent tissues (leaf was the most available across species) and for species with completed and available genome sequences. From their respective genome sequence databases, CDS of the two major banana species, Musa acuminata (A genome) (Martin et al., 2016;  http://bananagenome-hub.southgreen.fr/download) and Musa balbisiana (B genome) (Davey et al., 2013;  http://banana-genome-hub.southgreen.fr/organism/Musa/balbisiana), the date palm, Pho. dactylifera (Al-Dous et al., 2011;  https://qatar-weill.cornell.edu/ research-labs-and-programs/date-palm-research-program/datepalm-draft-sequence), and the small aquatic plant, duckweed, Spirodela polyrhiza (Wang et al., 2014 ; https://www.waksman. rutgers.edu/spirodela/genome), were retrieved. In addition, the CDS of the moss bamboo, Phy. heterocycla var. pubescens, was used as the representative grass monocot outgroup (Peng et al., 2013; http://202.127.18 .221/bamboo/down.php). All the CDS used in the analyses were derived from young nontreated leaves. After predicting open reading frames (ORFs) using Transdecoder v3.01 (Haas and Papanicolaou, 2013), a total set of 41 390 CDS from M. acuminata, 24 250 CDS from M. balbisiana, 11 932 CDS from Pho. dactylifera, 15 151 CDS from S. polyrhiza and 27 420 CDS from P. heterocycle was obtained, which were used for further analysis using Anaconda 
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Clément et al. Kuhl et al. (2004) 2 software (a software package developed by the University of Aveiro Bioinformatics research group, Portugal) (Moura et al., 2005) . CDS shorter than 300 base pairs were excluded from the analysis. For each transcriptome, the sequences with more than one stop codon, lacking a start or stop codon, lacking complete reading frames and/or with undetermined nucleotides (N) were discarded by using filters in the Anaconda 2 software (Moura et al., 2005) . Hypothetical and duplicated genes were identified using BLAST and were discarded from the datasets used for codon analysis.
To perform correlation analysis between GC content of CDS with genome sequences for each species, BLASTn of CDS was performed against the genomes of M. acuminata (http://bananagenome-hub.southgreen.fr/download), M. balbisiana (http:// banana-genome-hub.southgreen.fr/organism/Musa/balbisiana) and Pho. dactylifera (https://qatar-weill.cornell.edu/research-labs-andprograms/date-palm-research-program/date-palm-draft-sequence). Matches with an e-value <10e-5 and at least 2 kb flanking region both 5′ and 3′ to the CDS were extracted as gene sequences, resulting in non-redundant sets of 2282 genes from M. acuminata, 9742 genes from M. balbisiana and 5701 genes from Pho. dactylifera. The GC content (%) of genes [along with untranslated region (UTR)] and of flanking regions was calculated separately.
Codon usage analyses
RSCU values were estimated using the following formula from Sharp and Li (1987) using Anaconda 2 software (Moura et al., 2005) :
where g ij is the observed number of the ith codon for the jth amino acid, which has n i kinds of synonymous codons.
The RSCU values obtained from the analysis are listed in conventional amino acid codon order and highlighted on a scale from green (indicating the most rarely used codons) to red (indicating the most frequently used codons). An RSCU value of 1.0 indicates no codon usage bias while values above or below 1.0 indicate codons that are utilized less or more frequently (preferred) than expected.
CAI values were obtained using the Codon W program (version 1.4.2; http://codonw.sourceforge.net). The genes falling within the top and bottom 5 % of CAI values were considered as the high and low datasets. RSCU values of these two datasets were compared using the chi-square contingency test. Those codons whose usage frequency was significantly higher (P < 0.01) in highly expressed genes compared to those genes with low levels of expression were identified as optimal codons (Sablok et al., 2011) .
The nucleotide compositions of the third codon position in the full set of ORFs (A 3 , U 3 , C 3 and G 3 ) were calculated for each species using the Codon W program. The parity rule 2 (PR2) bias was detected based on AU bias [A 3 /(A 3 + U 3 )] as the y-axis and GC-bias [G 3 /(G 3 + C 3 )] as the x-axis at the third codon position of the twoand four-codon amino acids of entire CDS (Sueoka, 1995) .
GC content of the genome, transcriptome and the GC frequency in the three codon positions of individual coding sequences (GC 1 , GC 2 and GC 3 ) were measured for all species using Anaconda 2 software (Moura et al., 2005) , and GC 12 was calculated as the average of GC 1 and GC 2 .
Frequency distributions of GC 3 (all CDS with start and stop codon) were plotted according to the method suggested by Carels and Bernardi (2000) . Neutrality plots of GC 12 against GC 3 were analysed based on the method suggested by Sueoka (1988) .
Effective numbers of codons (ENC) were calculated by following the formula of Wright (1990) , using Anaconda 2 software (Moura et al., 2005) :
where the F value denotes the probability that two randomly chosen codons for an amino acid with two codons are identical. ENC values were plotted against GC 3 values. The expected ENC values were calculated using the following formula:
where S is the frequency of GC 3 s (Wright, 1990) . To estimate the difference between the observed and the expected ENC values for all CDS, frequency distributions of (ENCexp − ENCobs)/ ENCexp were plotted. A paired Student's t-test (P < 0.001) was performed to test for significance using SPSS 16.0 (http://www. spss.com/). COA (Greenacre, 1984) was performed with CodonW using the RSCU values to compare the intra-genomic variation of 59 informative codons, partitioned along 59 orthogonal axes with 41 degrees of freedom. Correlation analyses (Pearson correlation, two-tailed) was performed for GC content and codon usage indices with SPSS 16.0 (http://www.spss.com/).
Codon-pair context analysis
Codon-pair context quantifications of the transcriptome datasets were performed using Anaconda 2 (Moura et al., 2005) . The Anaconda 2 software package uses transcriptome data to generate a frequency table consisting of codon-pair contexts using a ribosome simulation algorithm. The resulting data are interrogated via a chi-square test. The results are then transferred to a visualization module to generate a codon-pair context map.
RESULTS
Preferred, optimal and rare codons in non-grass monocots
To analyse the codon usage patterns in non-grass monocots, RSCU for M. acuminata, M. balbisiana, Pho. dactylifera, S. polyrhiza and Phy. heterocycla was calculated (Supplementary Data Table S1 ). M. acuminata and M. balbisiana showed an approximately equal number of preferred ATand GC-ending codons (Table 4) . By contrast, S. polyrhiza and Phy. heterocycla showed higher GC-ending codon as preferred codons. In addition, non-grass monocot species showed avoidance of XUA codons [AUA (ILE), UUA (LEU), CUA (LEU) and GUA (VAL)] in all species (Supplementary Data Table S1 ). This avoidance may be related to the use of UA in stop codons and/or the presence of UA-selective ribonucleases, as suggested by Beulter et al. (1989) . All optimal codons for the studied species showed G/C at the third codon position (shown as '*' in Table 4 ; Supplementary Data Table S2A-E). These codons are optimal for highly expressed genes (based on CAI) and do not reflect the corresponding tRNA pool. The most preferred stop codon for M. acuminata, M. balbisiana andPhy. heterocycla was UGA, whereas Pho. dactylifera and S. polyrhiza preferred UGA and UAG. Furthermore, rare codons (RSCU < 0.10) in non-grass monocots showed A/U at the third codon position similar to Phy. heterocycla (shown as '-' in Table 4 ; Supplementary Data Table S2A-E).
CG dinucleotide suppression
Analysis of the XCG/XCC ratio based on RSCU values from the present analysis in non-grass monocot species showed values of 0.62 (M. acuminata), 0.64 (M. balbisiana), 0.57 (Pho. dactylifera) and 0.69 (S. polyrhiza) (Supplementary Data Table  S1 ). This indicates moderate CG dinucleotide suppression in non-grass monocots. Compared to established non-grass species, Phy. heterocycla exhibited a higher XCG/XCC ratio, 0.82.
PR2-bias plot analysis
PR2-bias plot analysis was carried out to investigate the effect of mutation and selection pressure on codon usage bias. If only mutational bias shapes the codon usage bias, then G and C (A and U) should be used proportionally among the two-and fourfold codon amino acids. On the other hand, if natural selection dominates, it would not necessarily cause proportional use of G and C (A and U) (Wright, 1990; Sueoka, 1995) . The results showed that G and C (A and U) were not used proportionally in non-grass monocot genomes (Supplementary Data Fig. S1A-D) as was also observed for Phy. heterocycla ( Supplementary  Data Fig. S1E ), which indicates mutational force is not the major force in determining codon usage in monocots.
GC pattern in non-grass monocots
Total GC content of the genome and transcriptome and the GC (pair) content in the three codon positions of coding sequences were examined for the four non-grass species and grass monocot Phy. heterocycla (Fig. 2) . A higher genomic GC content was observed in Phy. heterocycla (43.9 %) compared to the non-grass monocots. Among the non-grass monocots, S. polyrhiza showed a higher genomic GC value (41.96 %) and transcriptomic GC content (56.16 %) compared to other species. Total GC content analysis of non-grass monocots revealed a higher transcriptomic GC compared to genomic GC in all species. Furthermore, the non-grass monocot species M. acuminata, M. balbisiana and Pho. dactylifera demonstrated their highest GC contents at the first codon position, followed by GC in the third and the second codon positions (GC 1 > GC 3 > GC 2 ) (Fig. 2) . Analysis of the pattern of GC distribution in the grass monocot used in this study (Phy. heterocycla) showed that it shared a similar pattern for GC content in the three codon positions (GC 1 > GC 3 > GC 2 ) as previously reported in grasses (Wong et al., 2002) , but this was not the case for most of the non-grass monocots; three of the four non-grass monocots in our study shared a pattern of GC 1 > GC 3 > GC 2 (Fig. 2) as previously reported for other non-grass monocots onion (Kuhl et al., 2004) and Lycoris longituba (Cui et al., 2004) as well as for the dicot Arabidopsis (Kuhl et al., 2004) .
Variation of GC 3 was further analysed in monocots (Fig. 3 ), which revealed a unimodal distribution of GC 3 for all studied non-grass monocot species and bimodal distribution for the grass monocot Phy. heterocycla. Compared to M. acuminata and M. balbisiana, Pho. dactylifera and S. polyrhiza showed a clear unimodal distribution.
Association between ENC and GC 3 in non-grass monocots
The influence of GC 3 content on the codon usage of nongrass monocots was further examined by calculating the ENC (Wright, 1990) for each gene and plotting this against the GC 3 composition of each individual gene (Fig. 4A-D) . The CDS of non-grass monocot species showed a wide distribution of GC 3 from 20 to 80 % (0.2-0.8 in Fig. 4A-D) , similar to Phy. heterocycla (Fig. 4E) . Analysis of the ENC values of individual genes within each of the non-grass monocot species showed variability of bias, with values of 20.00-61.00 for M. acuminata, 23.26-61.00 for M. balbisiana, 22.38-61.00 for Pho. dactylifera and 21.78-61.00 for S. polyrhiza. This indicates the presence of genes with a high bias to no bias within non-grass monocot genomes, as was also observed for the grass monocot Phy. heterocycla (20.86-61.00) . ENC values were plotted against GC 3 to determine whether the difference in ENC is related to the difference in GC 3 content (Fig. 4) . In general, the ENC plot is a parabolic curve in which genes are represented as points and where the expected curve shows the positions of genes under no selection that are only subject to GC 3 codon compositional constraint (Wright, 1990) . Such comparison of the actual distribution of genes with expected distribution explains the presence of an influence of forces other than compositional constraint (Wright, 1990) . The ENC plot of all the species under study showed, although some genes lay on the expected curve, large numbers of CDS with low ENC values lying below the expected curve. The presence of points far below the curve indicates these genes have additional codon usage bias that is independent of GC 3 s (Wright, 1990) .
A significant negative correlation of GC 3 with ENC values was observed for non-grass monocot species. This negative correlation indicates that genes with higher GC 3 values and lower ENC values had strong codon usage bias. Liu and Xue (2005) also reported a similar negative correlation of GC 3 with ENC values of CDS in four grass monocot species (rice, maize, barley and wheat). To estimate the difference between observed and expected ENC value of CDS we calculated (ENCexp − ENCobs)/ENCexp ratio (Supplementary Data Fig. S2A-E) . Comparison of observed ENCs with expected ENC using paired Student's t-tests (P < 0.001) revealed significant differences.
COA and correlations between codon usage, nucleotide composition, CAI, ENC, hydrophobicity, aromaticity and gene length in non-grass monocots
To further understand the variation in shaping codon usage bias in coding sequences of non-grass monocots, COA was performed ( Fig. 5A-D) . In the COA, a series of orthogonal axes were generated that reflect the trends of variation in codon usage bias based on RSCU values of the CDS (Greenacre, 1984) . The distance between CDS on this plot is a reflection of their dissimilarity in RSCU with respect to the two axes. showed 3.99 % (M. acuminata), 3.45 % (M. balbisiana), 4.34 % (Pho. dactylifera) and 3.66 % (S. polyrhiza) of the variation, and axis 4 3.14 % (M. acuminata), 3.19 % (M. balbisiana), 3.88 % (Pho. dactylifera) and 2.68 % (S. polyrhiza). The grass monocot (Phy. heterocycla) also showed a similar trend (axis 1: 37.99 %, axis 2: 4.67 %, axis 3: 3.50 %, axis 4: 3.09 %) (Fig. 5E) . Thus, the first axis reflects the major factor that explains the differences in codon usage among studied species.
To elucidate the effects of the GC content on codon usage bias, CDS with different GC contents were labelled with different colours. Genes with GC of 60 % were plotted in grey, while genes with a GC less than 45 % were plotted in blue (Fig. 5) .
Orange dots indicate genes with a GC content between 45 and 60 %. The plot showed a clear separation of high-and low-GC genes along the primary axis. Although Fig. 5 presents a general relationship between the nucleotide content of genes and their position on the first axis of the COA, it does not give a statistical measure of this relationship. To do this, the correlation between the GC content, codon usage indices of individual CDS and their location on the primary axis of the COA was measured (Table 5) . Axis 1 showed significant correlations between GC content and position on the first axis (Table 5 ). The gene positions on axis 1 showed strong and significant correlation with GC 3 value. ENC values of M. acuminata, M. balbisiana and Pho. dactylifera showed a significant negative correlation, whereas S. polyrhiza showed a positive correlation with ENC (Table 5 ). In addition, correlation analysis between ENC and GC 3 showed ENC values were negatively correlated with GC 3 values for all species. Strong correlation between axis 1 and CAI and between GC 3 and CAI was observed. A positive correlation between hydropathy and axis 1 was found for M. acuminate, M. balbisiana, Pho. dactylifera and Phy. heterocycla, but a negative correlation for S. polyrhiza. A weak negative correlation was observed for aromaticity and axis 1 for M. acuminate, M. balbisiana and Phy. heterocycla. A strong positive correlation was found between GC 3 and GC content in the other two codon positions (GC 1 and GC 2 ) for all species. Gene length showed a negative correlation with axis 1 and a negative correlation with GC 3 in all studied monocot species. The relationship between coding sequence GC 3 content and genomic GC content was further examined in three non-grass monocot species, M. acuminata, M. balbisiana and Pho. dactylifera. S. polyrhiza and Phy. heterocycla were excluded from the analysis due to a lack of suitable data. A strong and highly significant positive correlation was observed between coding GC 3 content and genomic GC content (Fig. 6 ) for all three species. However, correlation analysis between GC 3 and flanking GC content showed significant but low correlation coefficients for M. acuminata (r = 0.065, P < 0.1), M. balbisiana (r = 0.063, P < 0.1) and Pho. dactylifera (r = 0.013, P < 0.1).
Variation in codon-pair context in non-grass monocots
Codon-pair context maps generated for M. acuminata, M. balbisiana, Pho. dactylifera, S. polyrhiza and Phy. heterocycla transcriptomes (Fig. 7A-E ) revealed variations and similarities among these non-grass monocots. The region highlighted by two parallel diagonal lines for each dataset in Fig. 7 represents the codon-pair contexts for the codons with identical or similar sequences. The codon pairs that fall within the diagonal area indicate a degree of tandem codon duplications; a characteristic of codons in eukaryotic genomes is an identical codon on their 3′ side (Moura et al., 2005) . In the present monocot genome study, codon-pair context sequences GAG-GAG, AAG-AAG and GAU-GAU were observed to be the most frequently used (Supplementary Data Table S3 ). The homogeneous codon-pair contexts NNN-GAA, NNN-AAG and NNN-GAG were also observed to be frequently used codon-pairs for all species examined in this study (Supplementary Data Table S3 ). Condon-pair context results indicate highest similarity between M. acuminata and M. balbisiana among all of the nongrass monocot species analysed. To identify the differences in preferred codon-pair context between the two Musa species, a differential codon-pair context map (DCM) was constructed by overlapping the complete codon-pair context maps (Fig. 7F) . A colour scale based on gradation of yellow was used for the differential display. Common features are indicated in black and significant differences are represented in yellow. Despite the two species being closely related, they showed significant differences.
DISCUSSION
The increase in publicly available large transcriptome datasets for non-grass monocot species has presented an opportunity for determining codon usage and codon bias in this important but so far neglected group of plants. However, the sourcing of materials for transcriptomic analysis from different tissues, which furthermore may have been exposed to different conditions, results in the creation of datasets that are not equivalent and therefore not optimal for comparison. In the present study, four non-grass monocots (M. acuminata, M. balbisiana, Pho. dactylifera, S. polyrhiza) and one grass monocot (Phy. heterocycla) were selected, for which comparable datasets were publicly available: The transcriptome datasets used in the present study were constructed from young non-treated leaves for each species and represented similar relative genome coverage, to provide as unbiased a comparison as was possible, which we believe adds value to our analysis. Whether the data were able to support each of the three current hypothesis, MB, SCU and gBGC, for the mechanisms which determine codon usage bias in nongrass monocots was also tested. Analysis was made of codon usage, optimal and rare codons, GC content, GC 3 distribution, codon-pair context patterns and shaping factors in four non-grass monocots and one grass monocot genome.
To place the results in the context of previous analysis of codon usage in plants, the literature was reviewed, with a focus on monocot species. There is a consensus that GC content, which varies widely across plant genomes, is one of the most important factors in determining codon usage in a genome. The codon usage bias corresponds to the AT-or GC-rich content of a genome, while the third nucleotide position of a codon reflects genome base composition of an organism (Wu et al., 2015) . The overall GC contents reported in monocot groups (55-59 %) are much higher than for dicot species (42-44 %) (Kawabe and Miyashita, 2003; Garg et al., 2011; Singh et al., 2016) . GC values among non-grass monocot genomes (47-56 %; Fig. 2) were found overall to be higher than those reported for dicot species, the variation within this group probably reflecting differences in mating systems between species.
While previous reports have suggested that the high GC content of monocot genomes is a consequence of MB within monocot genomes (Wang and Roossinck, 2006; Wang and Hickey, 2007) , the MB hypothesis appears not to explain nucleotide composition or codon usage of non-grass monocots. According to the MB hypothesis, high GC content is a consequence of a positive feedback loop to reduce cytosine deamination and favouring GC enrichment in monocots (Fryxell and Zuckerkandl, 2000) . However, to the best of our knowledge, all mutations reported in eukaryotic species show an AT bias (Dillon et al., 2015) , including rice (Muyle et al., 2011) and the non-grass monocots banana and oil palm (Clément et al., 2017) . Similarly, mutations of methylated cytosine, a cause of GC enrichment in grass monocots ( Ossowski et al., 2010; Alonso et al., 2015) , was also found to be unlikely as methylation tends to increase the mutation bias toward AT (as methylated CpGs are usually highly mutable toward TpG) (Nachman and Crowell, 2000) . Furthermore, methylation levels reported in monocots including rice and secale (Kalinka et al., 2017) are much higher compared to the dicot species poplar and Arabidopsis (Feng et al., 2010) . Therefore, if MB was the major evolutionary force in shaping codon usage in monocots, one would expect monocots to have a lower GC content than dicots, which is not the case. Finally, as all classes of mutations have an equal probability of fixation, a proportionate usage between G and C and between A and U would be expected. However, analysis of the rice genome showed disproportionate usage between G and C and between A and U in the third codon position and higher probability of fixation of GC over AT bases (Muyle et al., 2011) . Analysis of polymorphism data in banana and oil palm has also shown similar results (Clément et al., 2017) . A similar disproportionate usage between G and C and between A and U in the third codon position in non-grass monocots was observed here (Supplementary Data Fig. S1 ). Hence, together with the present data, the MB hypothesis appears not to be suitable to explain nucleotide composition and codon usage in non-grass monocots.
Further availability of polymorphism data on non-grass monocots will be required to completely rule out MB as the major influence in shaping nucleotide composition in non-grass monocots. Whether SCU can better explain the data was next examined, and it was found that while some criteria can fit the model, these could also result from gBGC and that SCU is also unable to explain the GC 3 heterogeneity seen in non-grass monocots. According to SCU, high GC content is the consequence of selective pressures to ensure translational efficiency of genes, which is supported by the fact that most of the monocot species have more GC-ending codons in optimal codons (Muyle et al., 2011) . In the presemt data analysis, a strong correlation between GC 3 we observed content and codon usage variation was observed, and between GC 3 content and CAI (predicts the level of expression of a gene) values ( Fig. 5A-D ; Table 5 ). In addition, all optimal codons were found to have GC in the third codon position (Supplementary Data Table S2 ), which appears to be an influence of SCU (Table 5) . However, the optimal codons presented in the current study show a bias for highly expressed genes (based on CAI) and do not reflect the corresponding tRNA pool (Supplementary Data Table S2 ). Hence, this cannot be concluded to be indicative of SCU. Beside this, our analysis on GC 3 distribution between CDS of non-grass monocot species showed a remarkable GC content heterogeneity, with values ranging from 20 to 80 % (Figs 3 and 4A-D) , contrary to the narrower distribution of GC 3 (20-60 %) reported in dicot species (Kawabe and Miyashita, 2003; Mukhopadhyay et al., 2008) and not compatible with the SCU hypothesis. The heterogenic genome composition observed in non-grass monocots is similar to the genome organization reported in mammals (reviewed by Duret and Galtier, 2009 ) and the grass monocots rice, maize, barley and wheat (Kawabe and Miyashita, 2003; Tatarinova et al., 2010; Šmarda and Bureš, 2012) .
Overall, we found the gBGC hypothesis, where high GC content is the result of bias of GC over AT bases during mismatch repair during meiotic recombination (reviewed by Duret and Galtier, 2009) , to best explain the codon usage in non-grass monocots. Experimental evidence of gBGC has been found in the grass monocots Secale cereal, Aegilops speltoides, Triticum urartu, Triticum monococcu (Haudry et al., 2008) , rice (Muyle et al., 2011) and maize (RodgersMelnick et al., 2016) based on recombination data of effective populations, which showed a strong correlation between recombination rate and GC content of those genomes. The heterogeneous GC 3 distribution in monocots, which is incongruous with the SCU hypothesis, can easily be explained as a consequence of gBGC. An initial study on grass genomes explored the presence of a strong negative 5′-3′ GC content gradient along genes (Wong et al., 2002) . This strong 5′-3′ GC decreasing pattern was also reported for both exonic and intronic regions of genes (Zhu et al., 2009) and was suggested to be a consequence of recombination hotspots around transcription start sites (Hellsten et al., 2013) . Over time, this has resulted in genes which range from short mono-exonic and GC-rich to those that are longer and relatively GC-poor (Ressayre et al., 2015) . Hence, grass monocots with a strong recombination and gBGC gradient clearly show a bimodal distribution, representing short and long genes (Glémin et al., 2014) . By contrast, in non-grass monocots even where the gene composition is similar, a weaker gradient results in a unimodal distribution (Clément et al., 2015) . Our analysis on GC 3 distribution also showed a clear bimodal distribution for the grass species (Phy. heterocycla) and unimodal distribution in non-grass monocots (Fig. 3) , in agreement with the gBGC hypothesis. Among non-grass monocots, there is still a lack of direct evidence of gBGC due to the unavailability of recombination data. Nevertheless, Clément et al. (2017) quantified the magnitude of gBGC based on correlative approaches between neutrality and selection indices to disentangle the processes of SCU and gBGC in several plant species, including the non-grass monocots banana and oil palm, finding a stronger intensity of gBGC in shaping nucleotide composition and codon usage in non-grass monocots. They proposed that comparisons of GC content in coding regions with introns or non-coding regions would be helpful to confirm these findings. The present data analysis showed a strong positive correlation between GC 3 and genomic GC content in the three studied non-grass monocot species (Fig. 6 ). In addition, low but significant correlation coefficients between GC 3 and flanking GC content were found, similar to that reported for other grass monocots including maize, rice, sorghum (Tatarinova et al., 2010; Glémin et al., 2014) and the non-grass monocot banana (Glémin et al., 2014) in which the GC content is mainly shaped by gBGC. These results demonstrate that the GC bias we report in non-grass monocots is not restricted to third-codon positions but affects surrounding sites as well. Furthermore, consistent with an influence of gBGC, GC-rich CDS were shorter (Table 5 ), similar to that reported for the grass monocots rice Hickey, 2007, Muyle et al., 2011) and maize (Sundararajan et al., 2016) .
Taken together, the analyses of non-grass monocots indicate that gBGC is the main driving force in this group of plants. Quantification of differences in the occurrence, intensity and patterns of gBGC could explain the variations at all positions across non-grass monocot genomes. Further availability of recombination data and genome data well-annotated for coding and non-coding sequences will help to elucidate the impact of gBGC in non-grass monocots.
Apart from codon usage, codon-pair context also has a significant impact on the translational selection of genes (Moura et al., 2007) due to its crucial role in suppressing mutations (Kopelowitz et al., 1992; Irwin et al., 1995) . Prior to the current study, there were no reports on codon-pair contexts in monocots so here we can report that, as for other phyla, significant differences in codon-pair context patterns were found between two Musa species (M. acuminata and M. balbisiana) (Fig. 7F) . The data also support the view of Moura et al. (2007) that codon-pair context maps are species-specific and can be used as a fingerprint for a specific species. Among the codon-pair contexts for the non-grass monocots, a preference was observed for homogeneous codon-pairs (Fig. 7A-D, Supplementary Data Table  S3 ). There are no previous reports on homogeneous codon pairs other than in tea and mustard (Paul and Chakraborty, 2016) and insects (Diptera and Hymenoptera) (Behura and Severson, 2012) , but this may be worth further investigation as the use of homogeneous codon pairs has been proposed as a tactic to save energy during translation: the energy required to carry out the translation of homogeneous codon-pair contexts will be lower as fewer tRNA species need to be synthesized (Moura et al., 2011) . However, it has also been suggested that the continuous use of the same set of tRNAs could limit the translational speed of highly expressed proteins and narrow the amino acid variability of proteins (Irwin et al., 1995) . At the current time, there are limited accessible comparable sets of gene expression data for relative analysis of tRNA and mRNA from plant genomes. The increase in plant transcriptome studies and anticipated improved databases to share assembled and annotated plant transcriptomes with associated expression data should make it feasible to provide supporting data for these hypotheses in the near future.
CONCLUSIONS
Codon usage bias is largely influenced by nucleotide composition across the genome. Knowledge about active evolutionary forces, codon usage and codon-pair context in plants is a prerequisite to deciphering the molecular mechanisms underlying survival strategies and functional adaptation of this kingdom of sessile organisms. While early studies of plant genomes led to MB and SCU being proposed as the major evolutionary forces in shaping codon usage in the plant genome, gBGC is now regarded as the prevalent and robust evolutionary process at play. Turning our attention to codon usage in non-grass monocots, our analysis of CDS based on leaf transcriptomic data for four completely sequenced transcriptomes (M. acuminata, M. balbisiana, Pho. dactylifera and S. polyrhiza) showed optimal codons of non-grass monocots have a strong preference to end in G or C and, unlike grass monocots, the non-grass monocots in our study showed a unimodal GC 3 distribution. Based on our observation of a positive relationship between CAI (predicts the level of expression of a gene) and GC 3 as well as a positive relationship between GC 3 in codons and GC content of non-coding DNA, we conclude that codon usage and nucleotide composition in non-grass monocots are mainly influenced by gBGC. To quantify the intensity and patterns of gBGC in non-grass monocot genomes will require additional research, including comprehensive recombination and methylation maps at the gene scale. Such data can be generated either by direct sequencing of meiosis products (parents and progenies) (Yang et al., 2012) or by indirect population genomic methods (Muyle et al., 2011) .
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